| INTRODUCTION
Non-alcoholic fatty liver disease (NAFLD) is an increasingly important cause of hepatocellular carcinoma and liver decompensation. 1, 2 NAFLD affects 20%-40% of the general population in developed countries. 3, 4 It has an increasing prevalence and is the second leading indication for liver transplantation in the USA. 5 NAFLD also increases the risk of mortality from cardiovascular disease and cancers due to strong association with metabolic syndrome. 6, 7 Therefore, large-scaled cohort or epidemiological studies on NAFLD are of great importance. While the introduction of electronic medical records encourages large-scaled studies, prediction model is needed to classify NAFLD patients in the databases.
Several prediction models have been introduced to facilitate diagnosis of NAFLD. 8, 9 Fatty liver index is an algorithm based on serum triglyceride and gamma glutamyl transferase (GGT) levels, body mass index (BMI) and waist circumference, which predicts hepatic steatosis in the general population. 10 NAFLD liver fat score estimates liver fat content in percentage with a formula comprising metabolic syndrome, type 2 diabetes, fasting serum insulin, aspartate aminotransferase (AST) and alanine aminotransferase (ALT) levels. 11 SteatoTest is a logistic regression model of 12 predicting parameters: a2-macroglobulin (A2M), apolipoprotein A1 (ApoA1), haptoglobin, total bilirubin, GGT levels, cholesterol, triglycerides, glucose, age, gender and BMI. 12 An issue of SteatoTest is some of the predicting parameters (eg, A2M
and ApoA1) may not be readily available in local laboratories.
While the existing NAFLD prediction models are applicable to subjects with anthropometric parameters including waist circumference and BMI, their application in large-scaled epidemiological studies and health database research is limited due to missing anthropometric parameters in most computerised data source. Thus, it is necessary to develop a NAFLD prediction model including only routine clinical and laboratory parameters retrievable in health database.
In this study, we aimed to develop a novel laboratory parameterbased NAFLD prediction model using machine learning algorithm.
Machine learning is a comprehensive tool arisen in recent years for model development, allows direct selection of predicting parameters among all available parameters without subjective preselection, and maximises data use while minimises bias. Machine learning is also able to reveal complex hierarchical relationship between parameters as formula, which allows more flexible data modelling. Machine learning has been used to improve the diagnosis of primary hyperparathyroidism from electronic medical record data and assess the risk of breast cancer from mammographic data. 13, 14 We validated and compared the performance of several modern machine learning algorithms on the prediction of NAFLD in the general population.
2 | ME TH ODS
| Study design and data source
We performed a cross-sectional study using data from a population screening study of NAFLD by proton-magnetic resonance Table S1 ). The accuracy of the models was assessed by the area under the receiver operating characteristic curve (AUROC) with 95%
confidence interval (CI) and compared by DeLong test. 24 Dual cut-offs were selected to achieve 90% sensitivity and 90% specificity to rule out and rule in NAFLD patients while maximising the corresponding specificity and sensitivity respectively. 3 | RESULTS
| Patient characteristics
A total of 922 subjects involving 264 NAFLD patients and 658
healthy subjects without NAFLD were included ( Table 1 and Table   S1 ). The demographic and clinical characteristics of the study cohorts were presented in Table 1 and 
Triglyceride (mmol/L) 1.1 AE 0.7 2.0 AE 1.8 <.001
Haemoglobin (g/dL) 13.6 AE 1.5 14.3 AE 1.4 <.001
White blood cell count (x10 9 /L) 5.8 AE 1.5 6.6 AE 1.5 <.001
HbA 1c , haemoglobin A 1c , HDL-C, high-density lipoprotein cholesterol, LDL-C, low-density lipoprotein cholesterol, NAFLD, non-alcoholic fatty liver disease. Alanine aminotransferase was expressed in median (interquartile range), whereas other continuous variables were expressed in mean AE standard deviation. Diabetes was defined by patient's report or blood tests (fasting glucose ≥7.0 mmol/L or HbA 1c ≥6.5%).
training and validation groups were comparable with respect to all variables ( Table 2 and Table S2 ).
| Predicting parameter selection
The elastic net regularisation technique selected eight predicting 
Triglyceride (mmol/L) 1.4 AE F I G U R E 1 Area under the receiver operating characteristic curve (AUROC) of the logistic regression model with increasing number of predicting parameters sorted by normalised importance weights in diagnosing non-alcoholic fatty liver disease. In both the training and validation groups, the AUROC plateaued when 6 or more predicting parameters were included in the model Table 3 , Figure 2B ).
| NAFLD logit score
The model by logistic regression consisted of six predicting parameters including ALT, HDL-C, triglyceride, HbA 1c , WBC and the presence of hypertension (HT). The regression coefficients were summarised in Table 4 . Logistic regression produced a score which represented the probability of NAFLD ranging from 0 to 1. The equation to calculate NAFLD logit score was the following:
Dual cut-offs of 0.19 and 0.45 were determined for NAFLD logit score to achieve 90% (84%-95%) sensitivity and 90% (86%-93%) specificity in the training group with reasonably high negative predictive value (NPV) of 94% (91%-97%) and positive predictive value | 451 NAFLD logit score kept its diagnostic accuracy in the validation group and achieved 92% (86%-96%) sensitivity and 90% (86%-93%) specificity with corresponding NPV of 96% (92%-98%) and PPV of 70% (59%-79%) ( Table 5 and Table S3 ). The dual cut-offs classified presence or absence of NAFLD in 301 (71%) subjects, with an overall accuracy of 87%; 121 (29%) were indeterminate subjects with NAFLD logit scores ranging from 0.19 to 0.45. Dual cut-offs of 0.24 and 0.44 were determined for NAFLD ridge score to achieve 91% (85%-95%) sensitivity and 90% (87%-93%) specificity in the training group with meaningful NPV of 95% (91%-97%) and PPV of 70% (61%-78%); the dual cut-offs ruled in and ruled out NAFLD in 359 (72%) subjects, with an overall accuracy of 87%. The diagnosis of NAFLD was indeterminate in 141 (28%) subjects with NAFLD ridge scores between 0.24 and 0.44. In the T A B L E 4 Regression coefficients of predicting parameters in the logistic regression and ridge regression models for the diagnosis of NAFLD T A B L E 5 Accuracy of the machine learning models in diagnosing NAFLD in the training (n=500) and validation (n=422) groups. In the training group, dual cut-offs were selected to achieve >90% sensitivity and specificity CI, confidence interval, NPV, negative predictive value, PPV, positive predictive value, NAFLD, non-alcoholic fatty liver disease.
| NAFLD ridge score
validation group, NAFLD ridge score achieved 92% (86%-96%) sensitivity and 90% (86%-93%) specificity under the same cut-offs with corresponding NPV of 96% (91%-98%) and PPV of 69% (59%-78%) (Table 5 and Table S3 ). The dual cut-offs determined presence or absence of NAFLD in 297 (70%) subjects, with an overall accuracy of 87%; the diagnosis of NAFLD could not be established in 125 (30%) subjects with NAFLD ridge scores ranging from 0.24 to 0.44.
| NAFLD AdaBoost score
The model by AdaBoost consisted of five predicting parameters including ALT, HDL-C, triglyceride, HbA 1c and WBC from the six selected parameters. The weight scores for each parameter within corresponding intervals were summarised in Table 6 . The final score was obtained by summing up the weight scores of the five predicting parameters. Dual cut-offs of À0.76 and 0.05 were determined for NAFLD AdaBoost score to achieve 91% (85%-95%) sensitivity and 90% (86%-93%) specificity in the training group with reasonably high NPV of 95% (91%-97%) and PPV of 74% (65%-81%); the dual cut-offs classified the presence and absence of NAFLD in 390 (78%) subjects, with an overall accuracy of 88%. The diagnosis of NAFLD was indeterminate in 110 (22%) subjects with NAFLD AdaBoost scores between the two cut-offs. Under the same cut-offs, NAFLD AdaBoost score achieved 89% (82%-94%) sensitivity and 88% (83%-91%) specificity in the validation group with corresponding NPV of 94% (89%-96%) and PPV of 62% (52%-71%) ( Table 5 and Table S3 ).
The dual cut-offs ruled in and ruled out NAFLD in 301 (71%) subjects, with an overall accuracy of 83%; the diagnosis of NAFLD could not be established in 121 (29%) subjects with NAFLD AdaBoost scores ranging from À0.76 to 0.05.
| NAFLD decision tree score
The decision tree model as shown in Figure 3 consisted of four predicting parameters including ALT, triglyceride, WBC and HbA 1c from the six selected parameters. The NAFLD decision tree score was given by looking up the decision tree from the root to the leaf note.
For example, if a patient's ALT was less than 20.5, then triglyceride was checked. If the triglyceride is less than 1.85, then we further checked the patient's HbA1c. If the HbA1c is less than 6.05, then the probability for NAFLD for this patient is 0.04. Dual cut-offs of 0.27 and 0.57 were determined for NAFLD decision tree score to achieve 95% (89%-97%) sensitivity and 92% (88%-94%) specificity in the training group with meaningful NPV of 96% (93%-98%) and PPV of 75% (66%-82%). The dual cut-offs classified the presence and absence of NAFLD in 335 (67%) subjects, with an overall accuracy of 89%, while 165 (33%) patients were left with indeterminate diagnosis of NAFLD. In the validation group, NAFLD decision tree score achieved 88% (81%-93%) sensitivity and 85% (80%-88%) specificity under the same cut-offs with corresponding NPV of 92% (86%-95%) and PPV of 56% (47%-66%) ( Table 5 and Table S3 ). The dual cutoffs ruled in and ruled out NAFLD in 277 (66%) subjects, with an overall accuracy of 78%; the diagnosis of NAFLD was indeterminate in 145 (34%) subjects with NAFLD decision tree scores ranging from 0.27 to 0.57.
While NAFLD ridge score and NAFLD logit score performed similarly well among the four machine learning algorithms in the validation group, NAFLD ridge score can be computed easily by summing up the products of the regression coefficient and the parameter value, whereas NAFLD logit score involves the fraction of an exponential function. On the other hand, NAFLD ridge score achieved high NPV of 96%, and PPV of 69% which is comparable to other existing NAFLD prediction models under the dual cut-offs. Thus, we recommend NAFLD ridge score as the simplest while the most predictive machine learning model for detection of NAFLD. We would focus on NAFLD ridge score in the following analysis.
| Subgroup analyses
Among 422 subjects in the validation group, 192 were male and three had significant alcohol consumption. In the male subgroup, NAFLD ridge score achieved 95% (86%-99%) sensitivity and 87%
(79%-92%) specificity with corresponding NPV of 95% (85%-99%) and PPV of 68% (54%-80%), while it achieved 89% (77%-95%) sensitivity and 93% (88%-96%) specificity in the female subgroup with corresponding NPV of 96% (91%-98%) and PPV of 69% (59%-78%).
114 (59%) male and 183 (80%) female subjects were classified with presence or absence of NAFLD, with an overall accuracy of 82% and 90% respectively. On the other hand, the diagnostic accuracy for subjects without significant alcohol consumption was similar to that for all subjects due to the small number of subjects with significant sensitivity and 90% (86%-93%) specificity with corresponding NPV of 96% (91%-98%) and PPV of 69% (59%-78%). NAFLD ridge score determined the presence or absence of NAFLD in 295 (70%) subject and achieved an overall accuracy of 87%. NAFLD ridge score achieved similar diagnostic accuracy in the three subgroups when compared to that of all subjects.
| DISCUSSION
We have developed NAFLD prediction models for the general population by modern machine learning algorithms based on routine clinical and laboratory parameters. In particular, NAFLD logit score and NAFLD ridge score showed an excellent performance with the knowledge of ALT, HDL-C, triglyceride, HbA 1c , WBC and the presence of hypertension, which are all common laboratory and clinical parameters which can be readily available in most patient cohorts.
Although NAFLD ridge score and NAFLD logit score performed similarly well, NAFLD ridge score can be calculated with ease and achieved a high NPV, thus be recommended as the simplest while the most predictive machine learning model for exclusion of NAFLD.
At the dual cut-offs of 0.24 and 0.44, NAFLD ridge score achieved 92% sensitivity and 90% specificity in the validation group with 96%
NPV and 69% PPV, respectively. NAFLD ridge score also showed similar diagnostic accuracy in male and female subgroups, as well as subjects without significant consumption of alcohol.
Several prediction models for NAFLD in literatures have been developed to distinguish subjects with and without NAFLD. Even these existing NAFLD prediction models also involved laboratory and clinical parameters; some parameters are not always routinely measured or retrievable in existing health databases. 8, 25 This limits the use of these models in large-scaled epidemiological studies and health database research. In particular, NAFLD liver fat score includes fasting serum insulin 11 ; SteatoTest includes A2M, ApoA1
and haptoglobin, 12 which are not routinely performed in many clinics and hospitals. In addition, existing NAFLD prediction models involved anthropometric parameters including waist circumference and BMI, which may not be easily captured in computerised data sources used for epidemiological studies. In contrast, the inclusion of only routine clinical and laboratory parameters in NAFLD ridge score makes it readily accessible without much extra cost to the health care system. Not depending on anthropometric parameters also facilitates large-scaled epidemiological studies on NAFLD based on real-life data from registries or electronic medical records which are popular due to their large sample sizes and wide spectrum of patients over time, yet suffering from missing anthropometric parameters. NAFLD ridge score is likely to facilitate the exclusion of NAFLD in future studies, for instance the concomitant NAFLD in patients with chronic hepatitis B, which is important due to the difference of clinical course. 26, 27 In contrast, the use of NAFLD ridge score is limited in prospective studies of NAFLD that subjects are followed with regular assessment of NAFLD or complete anthropometric parameters. F I G U R E 3 Decision tree model for the diagnosis of non-alcoholic fatty liver disease(NAFLD). The NAFLD decision tree score was given by looking up the decision tree from the root to the leaf note Furthermore, the predicting parameters in NAFLD ridge score were selected directly from all readily available clinical and laboratory parameters, which can capture the maximum of related information from raw data and avoid the preselection bias. Elastic net regularisation favours the selection of predicting parameters with sufficient contribution on NAFLD among large number of potential parameters. 18, 19 This makes NAFLD ridge score a simple model incorporating with important yet readily available predicting parameters.
AdaBoost performed well in the training but not the validation group, whereas NAFLD ridge score performed well in both groups. It was because the regression approach usually gives good generalisation ability with suitable regularisation parameter; hence the performance between the training and testing groups is comparable. On the other hand, AdaBoost as well as decision tree might have overfitted the training group, so that they could not be generalised to the validation group. Thus, there is an obvious gap between the training and validation groups.
The data for development of NAFLD ridge score was from a population-based screening study for NAFLD, which makes NAFLD ridge score applicable to primary care setting in general population.
Meanwhile, we used IHTG content measured by 1 H-MRS as the ref-
erence standard for diagnosis of NAFLD while some previous NAFLD prediction models used histology. In previous studies, MRI has been shown to be robustly correlated with MRS and more accurate than histology-determined steatosis grade in detecting small differences in liver fat. 16 Therefore, 1 H-MRS can be treated as a better reference standard for NAFLD in model development. Also, some existing NAFLD prediction models used ultrasonography instead of histology to determine NAFLD. 10, 12 However, ultrasonography is often operator dependent, difficult in obese subjects and may not be sensitive enough to diagnose mild fatty liver with hepatic steatosis <30%. 28 Hence, NAFLD prediction models developed based on diagnosis by histology and ultrasound may not provide sufficient sensitivity compared with NAFLD ridge score.
Our study has a few limitations. First, all subjects in the cohort were ethnic Chinese with a low prevalence of excessive alcohol consumption so that NAFLD ridge score may not be as predictive in other countries. However, this population-based study based on a government census database is one of the few studies in the literature that provides comprehensive epidemiological data on NAFLD for model development. Second, the parameters in the dataset were insufficient to compute and compare with the existing NAFLD prediction scores. However, the aim of developing NAFLD ridge score was to provide a convenient and readily available score for diagnosis of NAFLD using routine laboratory parameters. The results showed that NAFLD ridge score also achieved high diagnostic accuracy and predictive power without those less available parameters. Third, the 70% PPV in NAFLD ridge score appeared to be modest when compared to the 96% NPV, yet already provides predictive power on the presence of NAFLD. The 70% PPV is also comparable to that of existing prediction models for NAFLD, in particular 63% PPV for SteatoTest. 12 NAFLD ridge score is therefore a useful tool not inferior to existing prediction scores for the exclusion of NAFLD in epidemiological studies, especially for data without anthropometric parameters. Last, while dual cut-offs can maximise both sensitivity and specificity in ruling out and ruling in NAFLD patients, 30% of indeterminate subjects with NAFLD ridge scores between the two cut-offs existed; the overall accuracy is 87%, with 13% of misclassification rate, among the 70% subjects who had a classifiable NAFLD ridge score. However, the proportion of indeterminate subjects is comparable to that in existing prediction models for NAFLD, which is 24% in fatty liver index and 37% in SteatoTest, 10, 12 thus is still in an acceptable range. We fully acknowledge that the overall accuracy of NAFLD ridge score and the size of indeterminate group are limited by the information provided by the included predicting parameters. Thus, the main role of NAFLD ridge score is first to exclude NAFLD based on its 96% NPV, and then include NAFLD with 69% PPV, which is comparable to existing NAFLD prediction models. On the other hand, subjects with intermediate or high NAFLD ridge scores, ie, ≥0.24, are recommended to undergo further liver assessment.
In conclusion, NAFLD ridge score was a simple and predictive score for excluding NAFLD in general population. NAFLD ridge score would be a useful tool to exclude NAFLD patients in epidemiological researches with high NPV, and without relying on anthropometric parameters which may not be available in computerised data sources, when the sample size is adequate to adjust for the 30% of indeterminate subjects. 
ACKNOWLEDG EMENTS

